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in most situations and statistics such as S– #geno and the 
Feingold and Siegmund (1997) version of Spairs were 
found to perform well in only a few specific cases. How-
ever, all 27 genetic models examined were for a single 
disease locus, although different phenocopy rates and 
reduced penetrance were considered in some models. We 
consider here various models in which two disease loci 
are segregating and evaluate the performance of several 
different nonparametric linkage (NPL) statistics imple-
mented in two of the most frequently used software pack-
ages. The findings of these studies have a bearing on the 
effort to map genes for common diseases for which there 
are likely to be multiple determinants, and for which it is 
essential to identify the most powerful statistical approa-
ches to facilitate positional cloning. 
Material and methods 
The focus of our study is toevaluate the power for dete-
cting a common trait composed of two loci, using seven 
statistics, of which five are implemented in the computer 
program SimWalk2 (Weeks et al. 1995; Sobel and Lange 
1996) and two are implemented in GENEHUNTER (Kru-
glyak et al. 1996). The definition of these seven statistics 
is outlined in table 1. Unlike all previous reports, which 
involve evaluations of the power of allele-sharing stati-
stics for a single disease locus model, we have used a 
simulated data set of general pedigrees in which a two-
locus disease is segregating. 
 Data generation was originally described by Goldin 
and Weeks (1993). The simulated data represent five 
two-locus models and three heterogeneity models deve-
loped by Martinez and Goldin (1989). The two-locus 
models include: (i) two dominant loci (DD), (ii) two  
recessive loci (RR), (iii) a dominant and a recessive locus 
(DR), (iv) a recessive and a dominant locus (RD), and (v) 
mod l with additive penetrance (AD). In the three het -
rogeneity models 10% (H10 model), 25% (H25) and 50% 
(H50) of the families are linked to the single marker. The 
marker has four equally frequent alleles and is linked to 
the first disease locus at a recombination fraction of 
q = 0.05. A description of the eight models is given in 
table 2, including the penetrances assumed for each model.
 As described by Goldin and Weeks (1993), the para-
met s used in the simulation of five epistatic models 
predict a population prevalence of 7% and a recurrence 
risk of 25– 30% in first-degree relatives. These parame-
ters match those estimated for unipolar and bipolar affec-
tive disorders (Gershon et al. 1982). Three heterogeneity 
models are described in table 2 and the parameters used 
in the simulation correspond to a population prevalence 
of 2%. 
 For each model, 50 replicates, each consisting of 20 
pedigrees, were simulated. The pedigree structure was 
fixed: one set of grandparents with four children, among 
which two are parents with four offspring each. Families 
were ascertained if two or more affected individuals were 
present in each of the three sibships. 
 
: We examined the power of different 
allele-sharing statistics under different models to guide 
efforts to detect genes with non-Mendelian modes of in-
heritance, for example for genes influencing complex 
psychiatric traits. In addition to comparing P values out-
put by GENEHUNTER and SimWalk2, we also deter-
mined the empirical power for each of the statistics. The 
disease status was taken from each of the eight disease 
models. One thousand replicates of 20 general pedigrees 
were generated for each pedigree structure with an un-
linked single marker with equal allele frequencies. The 
empirical threshold was chosen as the 5th percentile of 
1000 replicates for each disease model and power com-
puted as the proportion of the 50 replicates for each 
model exceeding the empirical threshold. 
Results 
Table 3 gives the empirically derived power for all stati-
stics and models as the percentage of replicates signifi-
cant at the 5% level. Table 4 gives the equivalent results 
using the P values output by the two programs. There is a 
good deal of variation, with no single statistic performing 
consistently the best. Considering the most powerful tests 
we note that: (i) statistics A, C and Spairs perform equally 
well for the RR model, (ii) statistics Spairs and Sall have 
similar power under the DD model, (iii) statistic A per-
forms best for the RD model, (iv) Sall performs best for 
the DR and H10 models, (v) statistic E performs best for 
Table 1. Definition of the statis ics compared.     
Spairs the sum of the pairwise IBD (identity by descent) 
sharing over all the affected pairs in the pedigre . 
Sall calculated by forming all possible sets consising 
of one allele from each affected individual an  
then summing the numbers of permutations of 
these sets. 
Statistic A the number of different founder alleles contribut-
ing alleles to the affected individuals. 
Statistic B the maximum number of alleles among the affec-
ted individuals descended from any one founder 
allele. 
Statistic C the entropy of the marker alleles among the affec-
ted individuals. 
Statistic D the extent of allele sharing among all affected 
pairs as measured by their IBD kinship coeffi-
cient. 
Statistic E equivalent to the Sall statistic as implemented in 
GENEHUNTER. 
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the AD and H25 models, and (vi) statistics E and Sall per-
form equally well under H50. Overall, using the empiri-
cal power (table 3), statistic E has at least 80% power in 
five of the eight models and both of the GENEHUNTER 
statistics achieve this level for four models. The least 
powerful are statistics A, B and D, with 80% power for 
no more than two of the dis ase models. 
 Comparing the performance of Spairs and Sall implemen-
ted in GENEHUNTER, we note dramatic differenc s 
which depend on the underlying model. Our results indi-
cate that the power of Sall is markedly higher than that  
of Spairs under the H10 and H25 models, slightly more 
powerful under the DD, DR, AD and the H50 models, but 
is substantially worse than that of Spairsunder the RR and 
RD models. The statistic E is equivalent to Sall (Sobel and 
Lange 1996), but there are substantial differences n the 
power when considering the P values output by the two 
programs (table 4). We therefore performed correlation 
analysis between these two statistics. The results are sum-
marized in table 5, which shows a very high correlation 
(P < 0.0001) for all models, with the greatest differenc  
being for RR for which the SimWalk2 implementation 
seems particularly underpowered (tables 3 and 4). The 
correlation analysis also supports the evidence from  
tables 3 and 4 that the analytical P values produced by 
SimWalk2 are conservative. For statistic E there is at 
least 80% power for only one out of the eight models if 
the output P values are used (table 4) but this is true for 
five models if the power is determined empirically (table 
3). It is notable that the power fr statistic E and that for 
Sall are quite closely comparable for six of the models 
when power is obtained empirically. Statistic D is imilar 
to Spairs (Sobel and Lange 1996) and the correlations  
between the statistics are rather high (table 5). Again, the
greatest discrepancy is for the RR model where the corre-
lation is only 0.594. 
Discussion 
As pointed out by Sengul et al. (2001), GENEHUNTER 
uses a perfect-data approximation technique to compute 
P values and SimWalk2 uses simulation on underlying 
inheritance vectors to generate P values; therefore both 
methods may be conservative, depending on the pedigree 
structure. From this study (table 4) it is clear that P  
values for the statistic E implemented in Simwalk2 and 
Sall in GENEHUNTER are different. Statistic E appears 
to be consistently more conservative for all models  
except for H50. This discrepancy presumably reflects the 
difference between the exact allele-sharing statistic and 
Monte Carlo simulated statistic. It seems that in most 
cases the exact allele-sharing statistic outperforms the 
simulation-based statistic. 
 To examine the relationship between statistic E nd 
Sall, we obtained the correlation between the output stati-
stics for each model. These two statistics appear to be 
highly correlated for DD, AD and the three heterogeneity 
models, but less so for DR, RD and, particularly, RR 
Table 2. Description of disease models.       
 Disease frequency Penetrance                         
Model Locus A Locus B AABB AABb AAbb AaBB AaBb Aabb aaBB aaBb aabb                         
DD 0.15 0.15 0.90 0.90 0.00 0.90 0.90 0.90 0.00 0.00 0.00 
DR 0.15 0.55 0.90 0.00 0.00 0.90 0.00 0.00 0.00 0.00 0.00 
RD 0.55 0.15 0.90 0.90 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
RR 0.35 0.75 0.90 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
AD 0.04 0.04 0.90 0.90 0.45 0.90 0.90 0.45 0.45 0.45 0.00 
H10 0.0011 0.0091 0.99 0.99 0.90 0.99 0.99 0.90 0.90 0.90 0.00 
H25 0.0028 0.0084 0.99 0.99 0.90 0.99 0.99 0.90 0.90 0.90 0.00 
H50 0.006 0.006 0.99 0.99 0.90 0.99 0.99 0.90 0.90 0.90 0.00                         
 
Table 3. Empirical power (%) of seven allele-sharing stati-
stics (P = 0.05).                   
 RR DD RD DR AD H10 H25 H50                   
Stat. A 98 14 86 46 16  8 12  34 
Stat. B 36 66 22 68 52 12 70  82 
Stat. C 96 54 70 94 38  4 46  98 
Stat. D 96 62 40 64 36  8 68  74 
Stat. E 66 80 28 88 80 46 84 100 
Spairs 98 88 54 84 60  8 68  98 
Sall 74 88 28 90 64 44 84 100                   
 
Table 4. Percentage of analytical P values less than 0.05.                   
 RR DD RD DR AD H10 H25 H50                   
Stat. A 100  8 82  6  2  0  0   4 
Stat. B  30 70 12 74 46  4 46  96 
Stat. C 100 46 72 58 22  0 24  70 
Stat. D  96 70 42 78 42  0 50  94 
Stat. E  48 70 10 78 50 26 74 100 
Spairs  98 80 52 80 58  4 60  98 
S ll  58 82 22 86 60 40 80 100                   
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models. We have also computed empirical power of all 
allele-sharing statistics in table 3. We clearly see that the 
power of SimWalk2 is much greater when evaluated in 
this way. 
 This study focusses on the statistical behaviour of non-
parametric statistics in a data set containing a relatively 
large pedigree structure where the trait is common and 
determined by multiple loci with a non-Me delian mode 
of inheritance. There are a number of interesting find-
ings: (i) P values output by SimWalk2 appear to be con-
servative, (ii) the power of statistics implemented in 
SimWalk2 increases dramatically when P values are  
empirically computed, and (iii) the correlation between 
Sall and statistic E is not complete. The relative perfor-
mances of Sall and Spairs seem to be in agreement with 
those reported by Davis and Weeks (1997); but, while 
their study used the same simulated data, the data were 
limited to nuclear families. The results also agree with 
the report by Sengul et al. (2001), where the power of 
different allele-sharing statistics was examined under a 
variety of single-locus models. It is safe to say that Spairs 
performs well under a variety of complex genetic models 
as well as different pedigree structures although it is rela-
tively poor under heterogeneity models. The Sall statistic 
performed well under a variety of genetic models, but 
relatively poorly under the RD and RR models where the 
marker is linked to a recessive gene. It is worth noting 
that, more recently, Song et al. (2002) have compared the 
power of several allele-sharing statistics for NPL analysis 
of X-linked traits in nuclear families and extended pedi-
grees and found that the Sall ‘generally performed well 
under various conditions and had close to the optimal 
sample sizes in most cases but that there were certain 
cases in which it performed quite poorly’. 
 A limitation of this study is that the simulated data 
were for only a single linked marker, which does not  
allow comparison of multipoint analysis methods imple-
mented in the two programs. Further simulations would 
be required to evaluate multipoint marker analysis and 
the performance of exact NPL statistics versus simu-
lation-based statistics for different genetic models and 
under a variety of pedigree structures. A larger number of 
replicates would permit a more precise examination of 
power and the false positive rate. 
 A long-standing and unanswered question remai s 
about the utility of parametric models for complex traits. 
Such approaches have not been extensively explored
given the difficulties of developing an appropriate repre-
sentation of the mode of inheritance for complex traits. 
Abreu et al. (1999) performed direct power comparisons 
between simple LOD scores and NPL scores for linkage 
analysis in detecting genes for complex diseases, and 
they showed that the use of two simple modes of inheri-
tance and fixed penetraces can have more power than 
NPL when the underlying mode of inheritance is com-
plex in the presence of genetic heterogeneity. Develop-
ment of methods for joint complex segregation and 
(mult point) linkage analysis using an oligogenic model 
would presumably offer greater power than any of the 
nonparametric approaches but, thus far, this approach has 
been largely neglected. Using simulation to determine the 
power of parametric models in a variety of simulated data 
sets, representing different disease models woul  be a 
valuabl  area for future study. 
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